Objective: This study was conducted to develop a chemical oxygen demand (COD) regression model using water quality monitoring data (January, 2014) obtained from the Han River auto-monitoring stations. Methods: Surface water quality data at 198 sampling stations along the six major areas were assembled and analyzed to determine the spatial distribution and clustering of monitoring stations based on 18 WQPs and regression modeling using selected parameters. Statistical techniques, including combined genetic algorithm-multiple linear regression (GA-MLR), cluster analysis (CA) and principal component analysis (PCA) were used to build a COD model using water quality data. Results: A best GA-MLR model facilitated computing the WQPs for a 5-descriptor COD model with satisfactory statistical results (r
I. Introduction
Water quality can be thought of as a measure of the suitability of water for a particular use in water and potential water quality hazards or risk scenarios that can affect the WQP poses a risk to the health and safety of the users. Moreover, a Master Plan for Water Environment Management (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) by the Ministry of Environment -Korea Environment Institute was established in September 2006, as the follow-up of "Comprehensive Water Quality Improvement Measures on the Four Major Rivers" for the implementation of comprehensive water quality management.
The BOD and COD are the total measurement of all chemicals and is used widely to determine the amounts of organic pollutants in wastewater. The COD test is an accurate quantitative test for water quality prediction model for persistent organic compounds.
, 2 )
Hence COD test is a better estimate of organic matter than the biochemical oxygen demand (BOD) test. The upward trend of COD was observed that there has been an increase in nonbiodegradable organic matters in Han River.
)
In Korea, the seasonal variability of rainfall is relatively high and there is low precipitation and river flow during every dry season. The WQPs have lower concentrations in the dry season than the wet season. And the January samples represent the dry season samples without significant temperature variation. Excess nutrient and pollutant loadings are linked to serious problems in the downstream river aquatic system.
-7 )
Although concentrations of BOD and COD showed a consistent decreasing trend for past years due to increasing water treatment facilities and decreasing input of non-degradable organic pollutants. 8 , 9 ) the water quality of COD in the Han River recently showed an upward trend at more than 78% of monitoring stations. The upward trend of COD contrary to the BOD trend indicates that there has been an increase in nonbiodegradable organic matter and phosphorus concentrations in the upstream of the Han River that is not detectable by means of BOD.
Hence, major tributaries of the Han River and characteristics of water quality for each target streams needed to be compared based on inter-annual water quality data. In previous studies, the relationship between water quality parameters has been carried out. Significant linear relationships between TOC and COD and TOC were reliably estimated for the generic replacement of both COD in river 1 2 ) and lake. 1 3 )
The correlation of BOD and COD to TOC was r=0.772 and r=0.810 on the Nakdong river stream. 1 
)
Organic components influence correlation between COD and TOC. 1 
Very few papers attempted to describe the pollution indicator model for the Han River.
The Artificial Neural Network (ANN) technique is known to be better than the MLR model in estimating the COD. The ANN model was used for real-time water quantity and quality management, because it is easy to construct and adjusts well to changes through learning. Nevertheless, a predictive water quality model for chlorophyll-a was demonstrated to produce the best performance to develop the MLR model using GA. Furthermore, combined PCA/ GA-MLR is likely to be a comparable method to identify potential pollution sources to the Han River. No attempt was made to develop the COD GA-MLR model of the Han River yet.
The objectives of this study are: 1) to develop a predictive COD model used to represent the overall level of organic contamination of the Han River water system as one of a primary water quality concern, using GA-MLR approach, and 2) to interprete the monitoring data for water quality assessment and quality management decisions. 
II. Materials and Methods

Study area and data
The Han River basin is the home of 24 million people, including the densely populated Seoul metropolitan area and a major source of drinking, irrigation, industrial and recreational water. Some tributary stations show degrading water quality as a result of a large population growth and inadequate wastewater treatment facilities.
The average temperature range throughout the river varies from -0.8 to 11.8 o C in January in the dry season. The final data set (i.e., the dataset with no missing values) for the samples in 2014 (January) includes 198 water quality monitoring sites (Fig. 1) , consisting of 18 WQPs monitored (Table 1) , were selected in the present analysis.
Statistical methods
GA-MLR analysis for variable selection was performed by the MobyDigs 1.1 package (TALETE srl-Milano, Italy). Principal component analysis (PCA) and cluster analysis (CA) of water quality data sets were made through XLStat-pro. Regression analysis (GA-MLR). To perform multi-linear regression, GA was used to select, from among all the water quality data, the most relevant in obtaining models that yielded the highest predictive power for the response. The fitness statistics provided by the bootstrapping method are indicative of the actual model's predictivity. Model performance was described by means of descriptors related to model predictive capability (Q . To avoid models with multi-collinearity without prediction power, the search for the best models was performed using the QUIK rule. Moreover, to avoid models with chance correlation, the prediction capability of the best models was checked using the Y-scrambling technique. Only models with positive differences K
was chosen as a best MLR. The Hat value is the measure of leverage to verify the applicability domain. Influential compounds were those with a leverage greater than the critical value (warning leverage) h*=3p'/n, where p' is the number of model variables plus one, and n the number of objects used to calculate the model. A hat value greater than the warning leverage (h*) means unreliable. The application of GA provided 100 comparable models with similar predictive Table 1 .
Results of analysis of the water samples collected from 198 monitoring stations are given in Table 1 . The river presents in monthly average, slight alkaline pH as 7.6 in the range of 6.5 and 8. Statistical parameters used to assess a COD model are shown in Table 2 . The validation of a proposed 5-descriptor COD model includes the following steps: 1) Diagnostic statistics, 2) Internal validation, 3) External validation and 4) Applicability. 1) Diagnostic statistics (i) n/p ratio: n ≥ 4 p, where n is the number of data points and p is the number of descriptors used in the COD model. The COD model obeys the 'rule of thumb'.
(ii) Fraction of the variance (r 2 ): A COD model is acceptable when it has a r 2 > 0.6 units (60%) and will be considered for validation. The % value of r As can be seen from the statistics, the small difference (1.19%) between the r (vi) Quality Factor (Q): Over fitting and chance correlation, due to excess number of descriptors, can be detected by Q value. Q is quality factor, where Q= r/SE (here r is correlation coefficient and SE is standard deviation). A high value of Q (9.53) for the COD model suggests its high predictive power and the lack of overfitting. , the internal predictive ability of the models was also verified using the bootstrap Q Y-randomization (Scrambling) Test: Only high correlation coefficient is not enough to select the equation as a model and hence various statistical approaches were used to confirm the robustness and practical applicability of the equations. Y-scrambling techniques are employed to exclude the possibility of chance correlation and to check for reliability and robustness by permutation testing. There are no chance correlations if they satisfy the criteria a(r 
3) External validation
External validation refers to a validation exercise in which the chemical structures selected for inclusion in the validation (or test) set are different from those included in the training set. To validate the predictive power of the mathematical model more explicitly one needs to conduct validation on the external set of data.
The external validation of a COD model was carried out in two steps: (i) Random selection (Training set), and (ii) Predictive power of the COD model.
(i) Random selection (Training set): The original (whole) data set is randomly split into training (70%) and test (30%) sets. The COD model for the resulting training set is then generated by using the same descriptors as those of the original equation and validated on the basis of acceptance criteria (r For 52 external test set compounds, the prediction capability of the model combined conclusively proves the good predictive potency of the quantitative relationship constructed on the GIR activity. The prediction capability of the model in terms of explained variance (Q 
4) Applicability domain (AD)
The Williams plot of residual vs. leverage is shown in Fig. 3 . The plot is important for the predictive ability of COD. The Williams plot (scatter) depicts the standardized cross-validated residuals (RES) versus leverage values (h), and is used to obtain a graphical detection of both the response outliers (Y outliers) and the structurally influential chemicals (X outliers) of a model. Compound with cross-validated standardized residual greater than 2.5σ is recognized as Y outlier.
The warning leverage (*h), was found to be. Table 2 .
Multivariate analysis 1) Correlation matrix
The correlation matrix for different water quality variables is depicted in Table 3 . It is evident that distribution of BOD, COD, TOC, T-N, NH -P and T-P (0.934) while highly negative correlation coefficient is seen among pH and DO and other variables. 2) CA The results of CA based on station scores of PCA for the three regions are shown in a dendrogram (Fig. 4) , showing clustering of the sampling stations. The dissimilarity defined by Euclidean distance and the combination of cluster is based on Ward method.
The dendrogram, displays all monitoring sites to be grouped in three statistically significant clusters; A (low pollution), B and C (high pollution).
Stations in cluster B and C on the dendrogram are listed in Table 4 . Higher number of stations dominantly, belongs to cluster B than cluster C. Four major influential sources of B group in Table 4 include 1018A (14 stations in Seoul), 1019A (2 stations in Hangang-Goyang), 1022A (3 in Hantan river). These sites were dominated on the positive side of the PC1 of biplot (Fig. 5) , which indicates that there clearly distinguishable concentration levels. The C group involves two 1018A and a 1019A stations.
3) Biplot
In order to detect the homogeneities in the data set and to recognize the potential outliers in all of the stations under study, the PCA was performed (Fig. 5) . In the PCA biplot that included the 18 water quality variables, the first principal component explained 4.37% of the variation, respectively and was negatively correlated with the two variables (DO and pH) and positively with other 16 variables. The second principal component explained 14.05% of the variation.
It is readily seen that a good homogeneity of the water quality for all sites is found. 
IV. Discussion
The best model obtained as described in a Results section was a GA-MLR equation containing 5 descriptors considering 198 (N) data points ( Table  2) . This model explained 92.42% of the variance (adjusted coefficient of variation, r ). In this work external predictivity was used to select the best model. The other statistics satisfied statistical interpretation. Scatter plots of observed vs. calculated or predicted values of the training and test set compounds are observed (Fig.  2. ). The stations determined as potential outliers (1018A26, 1018A80 and 1022A55) and extreme points (1023A25 and 1022A50), i.e., outside of the AD, were confirmed in a comparative AD assessment by using the leverage approach. The proposed model could identify and provide an insight into some suggestions for the further design of sampling stations.
A strong correlation was found between COD and TOC with (r 2 =0.79), indicating that the COD test is useful for monitoring and process control in the Han River. Water quality in the Keum River, comparable to Han River, was evaluated, where the COD in the dry season was mainly attributed to Chl and phytoplankton contains most of TP. When the values of pH are between 6.4 -8, the nutrients are in their ionic and dissolved forms. Thus ammoniac nitrogen (NH 4 + ) is in ionic form dissolves non-toxic, favorable to the development of algae, also the phosphorus as PO 4 -P. In general, the highest concentrations reach at the station of the downstream in a dry season. DO levels less than 3 mg/L are stressful to most aquatic organisms. All streams in this study showed high dissolved oxygen concentrations (greater than 8 mg/L) are considered healthy streams except one station. Higher conductivity results from the presence of various ions. A value, 444 ìS/cm, corresponds to the limit of mineralization, under which river is weakly mineralized. The average value of the conductivity is about 761 μS/cm.
The highest fecal/total coliform concentrations exceeding the prescribed limits (T-Coli/F-Coli effluent limit: <3,000 MPN/100 mL) were observed at Tancheon (1018A40, 1018A42, 1018A44 and 1018A46), Gulpocheon (1019A40), Jungnangcheon (1018A64), Shincheon (1022A50 1022A45) and Osancheon (1101A57 1101A50 1101A47) sampling stations. In urban watersheds, fecal indicator bacteria are significantly correlated with human density. All members of the total coliform group can occur in animal or human feces.
There was a positive correlation between TN and TP, but neither correlated (r 2 = 0.22) in this study. High T-P/T-N ratios (>120) were observed at Paldang-dam (1017A10) Paldang (1018A02), Deonkpung (1018A06), Dogok (1018A08), Wangsookcheon (1018A201018A22,1018A24), Guri (1018A28), Amsa (1018A32) Guey (1018A34), Cheonggye (1018A59, 1018A60 1018A63), Anyangcheon stations (1018A72, 1018A74, 1018A75, 1018A76, 1018A80 and 1018A84) Hantan river sites (1022A07, 1022A10, 1022A37, 1022A40), indicating that the effluent from industrial activity, household sewage or sewage treatment plants have the potential ability to increase the T-P concentration. Agricultural activities do not seem to be relevant to the high ratio. A far as T-N and T-P loadings are regulated by streamow regimes, TP is more likely to be retained under low ow conditions in dry winter season. Hence, there is an urgent need for efficient water treatment, enhanced water use efficiency and waste water recycling to decrease concentrations.
As might be expected from nutrient limitation theory, in lakes or rivers with very high TN:TP ratios (> 50), TP does indeed become more closely related to Chl-a concentrations than TN. Though in the short run a continued reduction in nitrogen loads appears to be the more promising approach of eutrophication management, we recommend enhanced efforts to diminish both N and P emissions. Chlorophyll-a (Chl) quantification allows the determination of algal blooms in waters body. The concentration levels reflect a wealth of micro-algal biomass through a chlorophyll activity relatively dense at 1022A55 (Sincheon), 1019A25 (Haengju), 1201A30 (Aracheon) and 1022A35 (Yeongpyeongcheon 3 of Hantan river) areas with the greatest levels. However, low correlation between T-N, T-P and Chl were observed (r 2 =0.057 for T-N/Chl ratio and r 2 =0.042 for T-P/Chl). Phytoplankton density was higher during low-flow seasons. It seemed that hydraulic residence time was the major factor controlling phytoplankton. The CA technique applied to the water quality data was able to relate the water quality variables with the sources of contamination. However, in cluster analysis, the clustering and the number of existing clusters are only a qualitative statement. Therefore, as suggested earlier, cluster analysis should be confirmed in an additional step such as applying the principal component analysis (PCA) technique.
V. Conclusion
Nutrient contents and nutrient ratios such as TN, TP and Chl indicated that phosphorus was a potential limiting element for algal growth in many upstream stations in January, and indicated that upstream of the Han River still needed a control measure to reduce nutrient concentrations.
The hybrid genetic algorithm-multiple linear regression (GA-MLR) was implemented to build the best MLR (BMLR) COD models to select and compare the models. Many 1018A stations had greater levels of water quality data as major pollution sources, as commonly shown in PCA and GA-MLR.
Results showed that point (municipal and industrial effluents) and nonpoint sources (agricultural runoff) in both upstream and downstream are the main contributors to organic and nutrient parameters. The upward trend of COD by recalcitrant organic matter in in the upper regions of the Han River is still problematic in specific areas.
This study presents a useful interpretation of water quality data sets with a view to meeting better information about water quality guideline for more effective management of water resources in river basins. A recent study proposed 3 8 ) that: (1) upstream water treatment directly cuts off incoming pollutants, thereby presenting the smallest variation in its downstream effects on BOD or COD levels, (2) treatment is advantageous when reliability of water quality is a primary concern, (3) dam discharge is a flexible tool, and may be used strategically during a low-flow season.
The future research for the statistical interpretation using GA-MLR and multivariate methods is to detect hidden factors responsible for the data structure as well as to reveal discriminating chemical parameters. Further evaluation of the long-term data considering spatial and seasonal variation may also be beneficial to forecast water quality of the Han River.
